Abstract A probabilistic stable motion planning strategy 1 applicable to reconfigurable robots is presented in this paper.
Introduction and related work
The demand for autonomous robots in industry and field 26 application is increasing with the technological advances 27 in modern sensors, actuators, hardware and software facil-28 ities which make employing of robotics technology more 29 economical and feasible. In field application, mobile robots 30 are required to operate fully or semi-autonomously in harsh, 31 unstructured environments such as agriculture (Santosh et al. Fig. 1 . The robot is equipped with multiple 37 sensors to get feedback from its own kinematic and gather and 38 analyse environmental data. Dealing with uncertainty about 39 the effects of imperfect actuators and poor environmental 40 sensor information is a very common challenging problem 41 in navigation over rough terrains.
42
Although uncertainty is usually ignored in classical 43 motion planning techniques (LaValle 2006), more up to date 44 algorithms have investigated different approaches to take into 45 account imperfect robot motion or sensing models (Sebastian 46 et al. 2005) . One of the well studied approaches developed in 47 the literature to explicitly deal with uncertainties in the input 48 data and system model parameters is the partially observ-49 able Markov decision process (POMDP) (Matthijs and Nikos 50 2005; Brooks et al. 2006 ). For example a POMDP model for 51 finding belief-feedback policies for a team of robots cooper-52 ating to extinguish a spreading fire is presented in Candido 53 et al. (2010) . The proposed planning algorithm is able to 54 employ user-supplied domain knowledge for the synthesis 55 of information feedback policies.
56
A linear-quadratic Gaussian motion planning (LQG-MP) 57 strategy that is able to take into account the motion and sens-58 bination of revolute and linear actuated links are provided 96 where the end-effector was set to move in a circular path.
97
The uncertainty in a system can be considered in two 98 types of stochastic methods: non-deterministic (a boundary is 99 assumed for uncertainties), and probabilistic (the uncertain-100 ties are described using probability distributions) (Toit and 101 Burdick 2012). We are employing the stability uncertainty 102 in a probabilistic formulation. Other authors have looked 103 at the problem of non-deterministic incorporation of uncer-104 tainty at the planning stage, e.g. by considering variations 105 in the 2.5D terrain elevation data and localisation errors, as 106 described in Iagnemma and Dubowsky (2004) for an artic-107 ulated wheeled mobile robot. The original force angle (FA) 108 margin (Papadopoulos and Rey 1996) was employed to eval-109 uate the stability of the rover in the elevation map, therefore 110 the position of robot's centre of mass (CM) and the ground 111 contact points (CPs) would be the essential inputs to calcu-112 late the safety margin. The CPs are assumed to be under the 113 wheels and are calculated based on the robot's kinematic and 114 its position over the elevation map. A conservative path plan-115 ning approach is adopted that considers terrain measurement 116 uncertainty, where a set of potential worst-case robot config-117 urations at boundary locations in the terrain are examined to 118 make sure that the vehicle would remain stable for a given 119 arbitrary fixed variance in the elevation map. If any posture in 120 this set is proven unstable, the corresponding location in the 121 map will be regarded as untraversable. To address the local-122 isation uncertainty for a given path, all points along the path 123 within a distance proportional to the assumed robot localisa-124 tion uncertainty are examined given all possible configura-125 tions. A point in the terrain would be considered as a feasible 126 point for path finding purposes only if all configurations in 127 the overall search have been proven to be stable. The output 128 of this brute-force approach is a simple failure or success, 129 with no concern for the probability of a tip-over instability. A strategy for global path planning over ruggedised ter-131 rains while accounting for stability uncertainty is presented 132 in this work. A novel safety confidence (SC) stability margin 133 based on the conclusions of the statistical stability analysis 134 technique described in Norouzi et al. (2013b) is introduced. 135 The proposed probabilistic stability criterion is employed 136 to advance further the deterministic stable path planning 137 strategy described in Norouzi et al. (2013a), proven to be 138 particularly suitable for search and rescue missions, with the 139 goal of improving robot navigation safety in scenarios where 140 the model of the system and the sensory data available to 141 the robot may be imperfect. As also noted in that work, the 142 proposed strategy is equally applicable to planning in large 143 areas where prior knowledge of the terrain is assumed, or in 144 exploratory settings where the robot needs to create the cov-145 erage map as it navigates further and only partial information 146 from the surrounding area is available, hence setting goals in 147 closer vicinity.
148
exploit stability both as a constraint and also as an added cost 173 to the A* (Hart et al. 1968 ) search optimisation process, in 174 the overall path planning strategy proposed here we take the 175 stand that simply using it as a constraint is appropriate to 176 guarantee paths that are "confidently" stable. In essence we 177 are advocating for the fact that so long as we are confident 178 the final path found will be stable, it is less relevant whether 179 another one might be slightly more stable, as that's ultimately 180 less relevant to the final outcomes in a realistic setting, and 181 we suggest not spend computational resources in doing that.
182
The effectiveness of the proposed probabilistic tip-over 
Overview of stability analysis

196
The most common stability margins can be calculated based 197 on two informations, the robot's CM and its SP defined by 198 Fig. 2 The 3D FA stability measure for n = 4andi = 3i.e.forthird axis of a SP with four CPs. The CM's position has been shifted up and vectors are scaled for easier visualization. The FA measure can be intuitively described as the effect of the net force and moment over CM projected on the SP e.g. artificial potential field to obtain the demanded actuator val-218 ues was used in Besseron et al. (2008) . This simple criterion 219 can then be computed based principally on the minimum 220 angle between the effective net force and the tip-over axis 221 normal. The normalized FA measure will be between zero 222 (borders of instability) to one (most stable configuration). 223 Negative values of the FA measure for an axis indicate that 224 occurring tip-over instability about that axis is in progress. 225 As shown in Fig. 2 , the criterion β i for the ith tip-over axis 226 a i can be principally described by 
305
Given a rigid box sitting steadily on a hard rough ground 306 surface, the number of CPs can not be less than three. An 307 analogy can be established for instance with a rigid four-308 legged table, where one leg of the table would be left in the air 309 when sitting stably unless the terrain is flat, or soft, in which 310 case it will be four. The FA margin calculations requires the 311 out-most CPs, hence a maximum of four possible CPs are 312 assigned to form the vertices of the SP even when the rigid 313 body makes full contact with the surface, i.e. when the terrain 314 across the wheel sprockets is flat such as in a ramp or stairs. 315 The Packbot robot is not a truly rigid model in that it is 316 equipped with hard rubbery tracks which, albeit minimal, 317 allow a bit of sag and deformation, effectively making larger 318 contact with terrain surfaces, even in uneven hard surfaces. 
Transformation of means and covariance
336
The probabilistic approach for uncertain stability analysis is 
353
Without loss of generality, expressions are shown for the 354 case of four CPs, while as indicated in Sect. 2.4, the robot 355 can also be stable with three CPs. In that case the dimension 356 of y equals 13 × 1.
357
Given the highly non-linear nature of g [.] , Taylor series 358 approximation (Greenberg 1998 ) and general error propaga-359 tion (Siegwart and Nourbakhsh 2004) are not applicable to 360 enumerateŷ and P yy . Standard Monte Carlo (SMC) (Rubin-361 stein and Reuven 1981) is a proven iterative algorithm to 362 estimate probability density functions of a general system's 363 output response from a large set of random inputs. Hence, 364 by introducing perturbations to the input parameters, ODE 365 simulations can be carried out and β subsequently calcu-366 lated. The tendency to bigger input sets to attain more 367 accurate distributions makes SMC computationally expen-368 sive. The structured unscented transform (UT) (Julier and 369 Uhlmann 2004) has been proposed in the literature to address 370 this issue, and was employed in this work to speed up 371 the transformation of means and covariances. The overall 372 technique as applied to this work, summarised in Algo-373 rithm 1, intelligently simulates the SMC method by choosing 374 a deterministic set of inputs instead of a vast random sample 375 population. 
for i = 1 → n do 8:
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It is important to note that while only the mean and stan- 
Probabilistic stability metric
385
Assuming a standard normal distribution N (0, 1) for β,the 386 cumulative distribution function (CDF) is formulated as:
This function describes the probability that β will be found 389 at a value less than or equal to x, where Φ(−∞) = 390 0%,Φ(0) = 50 % and Φ(∞) = 100 %. For a generic nor-
Therefore F(0,β µ ,β σ ) will indicate the probability that β 395 will assume negative values (i.e. a tip-over is in progress). We 396 can now define the SC margin to encapsulate our confidence 397 in the stability prediction as
To intuitively understand the meaning of SC the example in 400 Fig. 4a is provided. The graph illustrates possible distribu-401 tions for β, and the corresponding values for SC, based on 402 three different robot postures at a given location on a terrain. 403 Although the mean value of the green distribution is smaller 404 than the blue one, a larger SC value indicates more certainty 405 in this configuration. A conservative fixed large β will unnec-406 essarily push the robot away from many potentially feasible 407 trajectories. On the other hand, critically small safety margins 408 may put the robot in jeopardy, particularly when traversing 409 highly challenging terrains (e.g. stairs or rubble). By employ-410 ing the proposed SC margin instead, the system can benefit 411 form a dynamic safety boundary that represents reliability in 412 the output predictions.
413
For the special case when the mean value is exactly zero, 414 the SC calculation would be independent of σ 2 (SC = 50 % 415 always, as illustrated by Fig. 4b) . In this case, although both 416 distributions result in the same value for SC, for stability 417 purposes a distribution with smaller σ 2 should be preferred 418 (green curve in this example), indicating that the true β is 419 generally expected to be closer to zero and away from nega-420 tive tip-over instability. Therefore, for the special case when 421 µ = 0, SC will be multiplied by (1−σ 2 ) to lean towards con-422 figurations with smaller covariances. The following section 423 provides some experimental results on maps obtained from 424 a range camera fitted on the sensor head while the robot tra-425 verses over a ramp and a series of steps are presented that 426 confirms the necessity and validity of the proposed proba-427 bilistic stability prediction method. To validate the results of statistical approach the robot was 431 made to traverse over the actual ramp and hill step-field (HS) 432 following a straight trajectory and constant reduced speed. 433 A localiser running of odometry and 2D range data from an 434 auto-levelled laser scanner was used to derive an estimate 435 of the robot pose (rx, ry, yaw) with a previously built 3D 436 mesh of the arena, depicted in Fig. 9a . As the platform has 437 got no suspension and the terrain is rigid, pitch and roll 438 measurements from an on-board IMU can be assumed to be 439 a veracious reflection of the vehicle's attitude when sitting on 440 the terrain. The robot's pose (φ a ,φ f ) was recorded from the 441 actual on-board encoders during the experiments. The data 442 from these tests was then analysed off-line to calculate the 443 statistical properties of CPs and stability measures. case, the β of the OSHV posture lies between the constant and 466 the most stable stability margin. For safer posture trajectory 467 the safety stability margin, β min should be increased which 468 will shift up the dashed black plot. The minimum value of β 469 in the most stable plot is around 0.4, hence if the minimum 470 β in the planning was set to a value larger than this, the ramp 471 trajectory would be regarded as unstable.
472
A side view of the path with the robot arrangements sug-473 gested by both planners are depicted in Fig. 5 -omitted in 474 some places to increase clarity. Comparing the results at the 475 beginning of the ramp in Fig. 5a , b shows that planning purely 476 based on the stability margin has resulted in sudden flipper 477 discontinuities, while the OSHV planner produced a soft and 478 continuous kinematic trajectory thanks to the reconfiguration 479 optimization between successive path nodes where joint dis-480 continuities are penalised.
481
HS is an example to simulate common block obstacles, 482 like rubble or unlevelled floors. The HS set-up illustrated in 483 Fig. 1 (side view in Fig. 7) is composed of three successive 484 10 cm steps: two traversed "up", and one "down". The results 485 of the experiment over the HS is illustrated in Fig. 8 in the 486 same way as was earlier depicted for the ramp. As can be 487 seen in Fig. 8a , b, the real inclination data is also closely 488 captured by the simulator except at around 8 and 17 s, when 489 the robot tipped-over and had to be manually handled and 490 returned to the HS to prevent a fatal crash. Although the cal-491 culated mean value for β can be seen to be just positive over 492 the path at those instances, σ uncertainty analysis shows the 493 robot tipping-over at those instances (when the crossing over 494 the steps takes place).
495
Comparing these two examples shows that, despite the 496 smaller inclination in the HS configuration, the robot is 497 still more stable over the ramp than HS. Assuming that a 498 fixed supporting-polygon and calculations of stability based 499 on IMU data (like the approach in Roan et al. 2010) will 500 lead to apparent stability, yet that is not the case. The tradi-501 tional deterministic stability analysis method with variable 502 supporting-polygon can be regarded as fairly reliable over 503 
507
In the same way, the patterns of β acquired by three differ-508 ent configuration planning strategies along the same straight 509 trajectory are illustrated in Fig. 8c . The solid black line is 510 equal to the β in Fig. 8d and it is achieved while deriving the 511 robot with a constant configuration (φ a = 90 • ,φ f = 45 • ) 512 and simulating the robot with recorded configuration and 513 position over the 3D model of the terrain. For comparison 514 purposes, the stability measures of the OSHV planner with 515 β min = 0.2 and the most stable configurations are depicted 516 in dashed black and green respectively. It can be observed 517 how for the OSHV posture β is always smaller than the most 518 stable stability margin. It can moreover be seen how in some 519 places it is also smaller than the constant configuration's sta-520 bility margin, as in that case there is no accounting for the 521 additional visibility constraints in the robot pose. Thus in 522 contrast to ramp traversing, at some places the constant con-523 figuration ends up marginally more stable than the calculated 524 OSHV posture. Of course, for trajectories where increased 525 safety posture is desired, β min can be increased, effectively 526 shifting the dashed black plot up so that it is always above 527 the constant posture. The effectiveness of the approach has been evaluated using 545 two challenging terrain data sets, and then compared to the 546 OSHV planner. 
Test arenas
548
The USAR test arena is chosen to investigate the performance 549 of the technique in an indoor setting with distinctive features 550 such as stairs, rubble etc., whereas the UTIAS arena is an 551 example of a larger outdoor scenario. In both instances, the 552 robot is expected to come up with configurations aimed at 553 keeping the arm as high as possible to achieve the best pos-554 sible field of view whilst satisfying the constraints imposed 555 by the corresponding algorithms (β min or SC min ).
556
The UTS mock-up rescue arena consists of a 6m × 8m 557 reconfigurable rectangle space with a ramp, a flight of stairs, 558 open space and re-arrangeable blocks of step-fields. A small 559 section is captured by Fig. 1 . The 3D model of the terrain 560 was built off-line by scan matching of the RGB-D data logs 561 when manually operating the robot over the terrain at low 562 speeds.
563
The UTIAS testing facility consists of a large dome struc-564 ture, which covers a workspace area 40m in diameter. These 565 datasets are available online and for more information, the 566 reader is referred to Tong et al. (2013) . A grid resolution 567 of 5 cm was assumed for both terrains which resulted in a 568 2D graph with dimensions of 164 × 150 and 784 × 776 for 569 USAR and UTIAS arenas respectively. In order to make a 570 fair comparison between the two planners a pre-processing 571 step was first applied to both terrain models to label out 572 obvious untraversable areas, e.g. walls and markedly steep 573 slopes. 
for all cell( j) ∈ {8 successors of cell(i)} do 8: figuration (φ a = 90 • ,φ f = 90 • ). A positive β µ is the 602 only requirement to achieve SC min = 50 %, consequently 603 the minimum allowable safety confidence is assumed to be 604 50 %.
Results of A* planner in the USAR arena
605
The results are depicted in Fig. 9, where Fig. 9a, b 606 illustrate the outcomes of the shortest deterministic and 607 probabilistically stable paths respectively. Only a limited 608 number of the robot poses are shown in the figure for clar-609 ity. In both instances the final paths traverse through the 610 step-fields and the stairs, and the robot configurations over 611 both trajectories end up being quite similar (except on the 612 stairs, way-points around 100−130 in Fig. 10 , discussed 613 below).
614
The comparison of SC and β over these trajectories are 615 depicted in Fig. 10 . The mean value of stability measure 616 obtained using the UT transform β µ at each instant is depicted 617 in red, with the standard deviation σ(68 %) and 2 × σ(95 %) 618 around the mean depicted in dashed red and blue in Fig. 10a, 619 c. Figure 10b , d illustrate the corresponding SC measures of 620 the resulting two paths.
621
It can be seen how by setting an arbitrary lower boundary 622 (β min = 0.05) the deterministic planner's limited concern 623 about the instantaneous value of β results in paths with 624 instances where, although as shown in Fig. 10a β is computed 625 to be always bigger than β min = 0.05, in some places the cor-626 responding β µ is actually negative (SC < 50 %), indicates 627 a high risk for tip-over instability as illustrated in Fig. 10b .
628
This happens for instance over the stairs (way-points around 629 117), where β µ is indeed less than 0.05.
630
On the other hand, as depicted by Fig. 10d, a planner   631 considering an SC min = 50 % might end up with instances 632 when β µ is less than 0.05 in some places (see Fig. 10c ). How- (Fig. 9a) . This example clearly 639 shows how the probabilistic approach tends towards more 640 conservative paths stability-wise than a deterministic plan-641 ner in areas where uncertainty escalates.
642
In the following example the safety margin and stability ance around 0.20, Fig. 12a ) and the probabilistic approach 658 is then able to exploit this to generate postures with better 659 visibility than the deterministic planner. 
Results of A* planner in the UTIAS arena 661
The UTIAS data is used to study the outcomes of plan-662 ning longer paths with different values for β min and SC min .
663
Results in Fig. 13 show how when the stability constraint is 664 reasonable medium value, the statistical approach can find 665 more effective and shorter path than deterministic technique
666
(the path shown in orange).
667
The outcomes of a planner based on different determin- The result of planning based on the lowest allowable 690 β min = 0.05 and SC min = 50 % (depicted in black in 691 Fig. 13a , b respectively) are found quiet coincidental. These 692 two trajectories are going through (A) and passing directly 693 over the central hill (C). Although the planning based on 694 β min = 0.05 ensures that instant value of β are always larger 695 than the minimum value, β µ is found to be negative over the 696 more challenging section, hence resulting in an SC < 50 % 697 i.e. a high risk for a tip-over instability as illustrated in the 698 way-points around 150 in Fig. 14b . This would not repre-699 sent a dangerous situation when planning is based on an 700 SC_min = 50 % as the planner will reconfigure robot so 701 that it fulfils the minimum safety confidence as illustrated 702 in Fig. 15b . Moreover planning based on more significant 703 stability margins and safety confidence (β min = 0.20 and 704 SC min = 90 %) results in longer routes, depicted in yellow 705 in Fig. 13a, b respectively. Table 1 .
727
Algorithm 3 The RRT planner algorithm
x rand ← random_state 5:
x near ← nearest_neighbour 6:
if new_state(x near , x rand ) then 7:
T.add_vertex(x rand ) 8:
T.add_edge(x near , x rand ) 9:
if (x rand = x goal ) then 10:
return 
Implementation with RRT planner
728
In this section an integration of the strategy in the well 729 established sampling based RRT planner is presented for 730 completeness. Fundamentally RRT builds a space-filling 731 tree (T) and extends it randomly to efficiently search high-732 dimensional spaces. As RRT planners can quickly cover an 733 environment by the random tree expansion, they have been 734 widely used in autonomous robotics path planning. When 735 extending the tree, it is able to regularly check the collision 736 with obstacles and differential constraints (non-holonomic, 737 kino-dynamic etc).
738
In spite of the fact that the RRT planner does not need a 739 grid to expand, for simplicity and comparison purposes, lets 740 assume that search space is a 2D grid equal to A* algorithm's 741 environment. The grids of the graph are classified into two 742 sets referred to as obstacle and free. The path planning 743 can be viewed as a search in this grid from an initial start 744 node, x init to the goal node x goal while avoiding obstacle 745 nodes x obs . An RRT that is rooted at x init and has K vertices 746 can be summarized as an iterative procedure as illustrated in 747 Algorithm 3.
748
In beginning, the algorithm initiates RRT tree T with 749 start node as the first vertex. In each iteration, the algo-750 rithm attempts to extend the RRT by adding a random new 751 node x rand . The nearest vertex x near already in the RRT to 752 the given x rand will be chosen according to a metric like 753 Euclidean distance. The function new_state is called in 754 it is collision-free and also satisfies the corresponding min-771 imum safety confidence. The block diagram of the overall 772 stable RRT algorithm is illustrated in Fig. 16 . 
789
In the first instance the result of the original RRT is com-790 pared with the trajectories achieved from planning based on 791 lowest allowable safety confidence, SC min = 50 % and a 792 comfortable margin SC min = 70 %, in the USAR arena. The 793 outcomes of the proposed stable RRT planner are illustrated 794 from a top view in Fig. 17 on the USAR arena in compar-795 ison with the standard RRT, where Fig. 17a is showing all 796 three trajectories simultaneously, and Fig. 17b presents the 797 RRT tree and trajectory of the ordinary path in a separate 798 figure. A pre-processing algorithm was first applied to the 799 3D map to determine extreme untraversable areas, e.g. walls 800 and markedly steep slopes. Results in Fig. 17a show the path 801 derived from the original RRT in blue while the way-points 802 where the robot was not stable for the fixed vertical arm and 803 flipper pose are highlighted in red. The stable path with the 804 the lowest allowable safety confidence SC min = 50 % and 805 the trajectories where SC min = 70 % are depicted in black 806 and yellow respectively.
807
While ordinary route and stable path where SC min = 808 50 % may find a way to the goal either from stairs or via 809 the ramp in the top left corner of the arena, the planning 810 with more conservative stability constraint of SC min = 70 % 811 leaves the ramp the only possible trajectory. As illustrated in 812 Fig. 17b , the original RRT tree has expanded entire the USAR 813 arena, but most of the time the shorter route via the stairs was 814 chosen as the final trajectory.
815
The robot configurations along stable trajectories are 816 depicted in Fig. 18, where Fig. 18a, b illustrate the outcomes 817 of the stable paths where SC min = 50 % and SC min = 70 % 818 respectively. Only a limited number of the robot poses are 819 shown for clarity. The corresponding uncertainty analysis are 820 showninFig.19. Both planners have handled the correspond-821 ing SC min constraint successfully while expanding the RRT 822 trees. To fulfil SC min = 50 %, the planner has configured 823 robot to φ a = 0 • over the stairs section depicted in Fig. 18a, 824 while given the higher certainty of the map over the ramp, the 825 algorithm can satisfy the stability constraint SC min = 70 % 826 with a better field of view configuration (φ a = 50 • ), as illus-827 trated in Fig. 18b . the planning with the highly conservative stability constraint 861 of SC min = 90 % can only go through (B). As illustrated 862 in Fig. 20b , the original RRT tree has expanded the entire 863 UTIAS arena as well, but mostly the planner came up with 864 a route via (A) and, in this example, eventually found a 865 path crossing from (C) to the goal. In the trials provided 866 in Fig. 20a , the stable path where SC min = 50 % is going 867 through (A) and passing directly over the central hill (C), 868 while the more conservative path where SC min = 90 % 869 avoids both of these regions and moves up towards (B) choos-870 ing the longest and safest route which goes around part (C). 871 The corresponding uncertainty analysis for stable routes are 872 shown in Fig. 21 . According to this figure, the SC min over the 873 resulting path and entire RRT tree was effectively satisfied 874 while searching the space for more branches.
875
In the same way, the statistical information about average 876 length and σ of the paths are collected in Table 3 . As expected 877 from the previous observations in the USAR arena, σ is con-878 tinuously descending as more constraints are applied to the 879 planners. Yet given the larger path planning search space in 880 the outdoor terrain when compared to the more restrictive 881 mock-up indoor arena, the relative σ of the routes in the 882 UTIAS arena are significantly larger than their USAR arena 883 counterparts.
884
Conclusions and discussion
885
This article presents a probabilistic approach to account for 886 robot's stability uncertainty when planning motions over 887 uneven terrains. The proposed algorithm can exploit infor-888 mation gained from a statistical stability analysis to plan safe 889 and effective routes under the presence of uncertainty in the 890 robot kinematics, terrain model and localisation on the ter-891 rain. The integration of the strategy with two well studied 892 grid based and sampling based algorithms i.e. A* and RRT 893 planners, is presented.
894
Simulation results in an indoor rescue arena and an out-895 door rover testing facility demonstrate the advantages of 896 planning based on statistical stability information when com-897 pared with a deterministic approach. The results of path 898 planning based on the lowest allowable safety margin shows 899 that by setting an arbitrary lower boundary, the deterministic 900 planner's limited concern about the instantaneous value of 901 β results in paths with instances where, although β is com-902 puted to be always above a certain β min , the corresponding 903 β µ can actually become negative (SC < 50 %) at times, indi-904 cating an unacceptable high risk of tip-over instability. The 905 contingency of this potentially dangerous situation is min-906 imised when planning is carried out based on SC_min,a s 907 the planner will reconfigure the robot so that it fulfils the min-908 imum safety confidence at any given time. Moreover, when 909 uncertainty levels are small (on ramps or sloped areas for 910 and at the same time, safer routes.
916
The proposed scheme relies on a physics engine (e.g. 
930
While the probabilistic stable motion planning strategy 931 has been shown here for the more generalised case of 932 reconfigurable robots, it is naturally equally applicable for 933 fixed-configuration robots where stability margins will dic-934 tate safer routes to traverse under the assumption of lesser 935 DoF's, hence simply a reduced grid search space given the 936 lack of ability to assume other poses. 
